Background
Background
The availability of complete genome sequences has yielded the ability to perform high-throughput, genome-wide screens of gene function (reviewed in [1] ). In particular, significant advances have been made in the understanding of proteins and their properties in the yeast model organism Saccharomyces cerevisiae, the target of numerous high-throughput experiments, including genome sequencing [2] , expression profiling [3] , large-scale interaction [4] , localization [5] , gene deletion and chemical phenotype assays [6] [7] [8] [9] [10] . Computational experiments have uncovered similar sequences [11] , conserved domains [12] , small molecule binding sites [13] and detection of pathways [14] . Annotation of genes and gene products for molecular function, biological process and cellular compartment annotation has also been facilitated by the availability of the Gene Ontology (GO) controlled vocabulary [15] . While much has been discovered in these past few years, many more systems biology experiments intend to uncover how the perturbation of a complex system might yield insight into its behavior [16] . To firmly establish the function of some gene or protein, one must increasingly consider multiple lines of experimental evidence.
High-throughput studies necessarily generate large amounts of functional genomic data which must be analyzed to find meaningful associations and extract biological knowledge. Clustering of microarray data produces groups of genes sharing similar expression profiles, whereas chemical genomics experiments may yield sets of genes linked together by virtue of their shared sensitivity to a particular substance exhibited by the corresponding deletion mutant strains. In many cases, genes of unknown function are linked to genes with well established functions, providing an opportunity to glean new insights into these uncharacterized genes. For this reason, it is essential to include biological information about genes and gene products during the analysis in an attempt to infer the function of all linked genes. The challenge is to determine whether the annotation associated with the set of genes, or some part thereof, might help to explain the observed behaviour. Biologists often start their search by collating the annotation provided about genes found in the Saccharomyces Genome Database (SGD) [17] , manually comparing them for similar features, and reducing the list to those that are thought to be significant. Although functional analysis using the Gene Ontology (GO) term finder [18] may be useful to identify common annotations between a few genes, it quickly becomes tedious and error prone to do such analysis when increasing numbers of genes are involved. Moreover, due to the hierarchical nature of the ontology, numerous efforts have been made to cluster and statistically evaluate functionally related or differentially regulated genes using GO terms [19] [20] [21] [22] [23] [24] [25] .
In addition to GO annotation, there is an increasing desire to combine related information such as domain conservation, molecular and genetic interactions, complexes, pathways, phenotypes, and literature references. Determining commonalities among several genes across such diverse features is time consuming and difficult to assess. FunSpec [26] integrates a diverse set of features with a simple method of statistical assessing significance. Unfortunately, the approach used by FunSpec falls short when applied to the analysis of synthetic genetic interaction or chemical genomics experiments. These experiments typically use gene deletion arrays in which strains containing deleted essential genes result in non-viable phenotype (with the exception of when used in an synthetic rescue experiment). Taking this fact into account will raise the statistical significance of features shared by some set of genes in synthetic lethal or chemical genomics experiments, but will never be observed for essential genes who may in fact share the feature. FunSpec also uses the full list of GO terms from the Gene Ontology Consortium and the MIPS Comprehensive Yeast Genome Database [27] without doing the more sophisticated analysis that is required, yielding lower levels of significance following statistical correction for multiple tests. Finally, FunSpec does not appear to have been updated since 2002, and many new features have since been described. Another resource, DAVID [28] , provides the ability to compare against a user-provided background, thereby improving statistical outcomes, but unfortunately does not include a comprehensive set of identifiers and features for yeast functional genomics research.
In this paper, we describe Yeast Features (YF), a web-based tool for the identification of statistically significant features shared by yeast genes identified via functional genomics experiments, with statistical corrections with the addition of prior knowledge. A condensed set of GO terms is used which results in more significant and interpretable results. We apply the YF analysis tool to two chemical genomics experiments and report novel findings that suggest the functional roles of the indirect targets of an aminoglycoside with a known mechanism of action, and the targets of an herbal extract with a previously unknown mode of action.
Implementation Software Design
The web-based Yeast Features was implemented using the PHP 5 programming language [29] coupled with a MySQL 5.0. 25 [30] database backend. The application accepts as input a list of gene names, systematic (ORF) names or SGD identifier. The gene names and SGD IDs are identifier is converted into corresponding ORF names for further processing. This is done because not all ORFs have gene names, some ORFs have multiple gene names, and almost all sources of annotation data contain the ORF name. The application retrieves and collates the set of observed features for each ORF and computes the observed frequency for each feature. The statistical significance of each feature is then assessed via a hypergeometric distribution (see below for details) by comparing the feature frequency in the input set and a precomputed 'global frequency'. This global frequency may be affected by the use of a background data set, such as the essential genes. Once the probability has been calculated, the program returns the list of features ranked by p-value, after having been filtered according to user options such as a requirement that some set of genes/protein having been annotated with the feature. The resulting table may be sorted by the number of input proteins that share the feature, or by the total number of proteins having that feature in the entire yeast proteome. Separate tabs are available to categorically view features or to view the full features of each protein in the query. Finally, users can browse the features and view which proteins have been annotated with the feature, from which they can select some for comparison.
Data
Yeast chromosomal features, GO complex data, GO slim annotation, interactions, complexes, pathways, domains, phenotypes and publications are formatted as tabdelimited files were obtained from the SGD FTP site [31] . Scripts were written to properly format the gene/protein interaction and complex data due to their nonstandard format so that they could be directly imported into the MySQL tables.
The Hypergeometric Distribution
In addition to providing the user with a list of features that a group of proteins may share, it is also important to give some measure of how likely this grouping is. For example, the fact that a group of proteins shares a feature such as 'molecular function unknown' is not unlikely given that ~25-30% of all ORFs share this feature. Instead, statistically unusual features should be highlighted together with a quantitative measure of likelihood. Therefore, the P-value for each feature present in the set of proteins is computed using the hypergeometric distribution. This distribution is appropriate here since proteins are effectively being sampled 'without replacement' -i.e. if there are only 5 proteins that form a particular complex, it is impossible to observe more than 5 such proteins in any given protein set. The hypergeometric distribution measures the probability that a protein set of size n will contain exactly k proteins sharing a specific feature, given that there are a total of K such proteins in the entire proteome of size N. As noted below, for chemical genomic data N may be optionally reduced to the set of all genes which may be safely deleted without rendering the organism non-viable. The probability mass function is defined as follows:
This distribution is widely used in functional enrichment analysis (e.g. for the identification of sumoylation sites [32] and for clustering gene expression data [19] ). The P-value reflects the likelihood of randomly observing a given enrichment level, or one more extreme. The P-value is computed as follows for over-represented features.
The Bonferroni Correction
The Bonferroni correction is a multiple-comparison correction used when several dependent or independent statistical tests are being performed simultaneously [33] . While a given confidence interval, or alpha value α, may be appropriate for any one individual comparison, it is not appropriate for the set of all comparisons. In order to reduce the likelihood of false positives, the alpha value needs to be lowered to account for the number of comparisons being performed. The simplest and most conservative approach is the Bonferroni correction, which sets the alpha value for the entire set of n comparisons by setting the alpha value for each comparison equal to α/n. The default alpha value set in this application is 0.05, but can be changed by the user.
Results and Discussion
Yeast Features identifies the most statistically significant features shared by a set of yeast proteins. A total of 18,786 features were drawn from the SGD and include the GO slim collection (molecular function, biological process, and cellular compartment), conserved domains, interactions, complexes, pathways and publications. This comprehensive set of features exceeds most other applications and provides a substantially more intuitive software interface, making it a valuable resource for yeast biologists. Our application estimates the significance of shared features from a hypergeometric distribution, a typical strategy for this kind of analysis. The benefit of this approach is that interesting features are highlighted while reducing the significance of common features (e.g. nucleus localization). This allows the biologist to focus on those features that are most likely to explain the common phenotype observed among the protein set, be it chemical sensitivity or gene expression profiles.
Assessing the Significance of Shared Features
An important goal of this project was to design an easy to use, uncluttered graphical user interface. Users can either a) browse the full set of features and their associated genes, or b) find the set of common features between genes by providing their systemic names (yeast open reading frame names), SGD identifiers, or official gene names. Several options are available to modify the search depending on the nature of the data to which the YF tool will be applied. In particular, the Bonferroni correction may be applied to the computed significance scores to account for the number of tests being implicitly performed by YF when a protein set is entered (see Methods). Several other options are available to minimize the number of biologically uninteresting results. One option allows the user to specifically require that a minimum number of genes must share each of the returned features. The default minimum is two, so as to remove features exhibited by only a single gene. The user also has an option to ensure that reported features contain one or more specified genes. By applying this option, it is possible to significantly reduce the number of outcomes, thereby reducing the possibility of a so-called "fishing expedition", which requires the Bonferroni correction for multiple outcomes. The last option is to exclude essential genes when computing statistical significance, an important consideration for experiments that use deletion arrays (discussed below). With a user provided set of genes and the selected options, YF returns a rank-ordered list of significant features, which can be categorized by the type of feature (i.e. interaction, complex, etc). The list of features and the list of proteins and all of their associated features may be exported in a file for use with any spreadsheet application. YF's simple interface in combination with novel options to reduce the extent of embarking on a so-called "fishing expedition", results in a productive environment to identify the most statistically significant and biologically relevant features. Listed at the top is the number of proteins in the analysis and the total number of shared features, after applying the various criteria. The applicable criteria include the minimum number of genes that must share a feature, the p-value threshold to filter the list, the Bonferri correction for multiple tests, the genes that have each feature, and the exclusion of essential genes to properly assess the significance for gene deletion experiments. The table of features includes the hypergeometric probability, the number of input proteins that share the feature, the total number of proteins in the organism that have this feature, the feature category and the feature name. A user may sort the results by feature, category or by each individual protein. An expand/collapse feature provides a way to view any one of the features in greater detail. Users can obtain these results by exporting the list as a tab-delimited file.
Example: Histone Deacetylase Complex
Once the user enters the input set of proteins and options, the YF program identifies the set of common features and computes the statistical significance of observing them together. As an example, Figure 1 shows the shared features for 20 proteins annotated by SGD as part of the histone deacetylase complex. We see that the most significant feature affirms what was previously known about these proteins mainly that they are part of the histone deacetylase complex. This small p-value indicates that this feature is highly significant because there is only a 1 in 1.8e -55 chance that the 20 yeast proteins would share this annotation by chance alone. Other significant features shared by all proteins are that they are involved in the transcription factor complex (pvalue 7.2e -36 ), and are localized in the nucleus (p-value 1.2e -13 ). Although the YOL068C (HST1) interaction feature is shared by only 8 proteins, it has a probability of 1.4e -14 , which is more significant than that for localization to the nucleus. The reason for this is that there are significantly more proteins (1500) with the nuclear localization feature as compared to the 32 that interact with HST1 ( Figure 2) . Using the set of proteins forming the histone deacetylase complex, we see that 20 of the 20 input set of proteins (highlighted in blue) are part of the 125 proteins that comprise the transcription factor complex. Users may also create a smaller subset of the original search by checking the genes and submitting the form.
Using GO Slim to Simplify the Gene Ontology
The Gene Ontology currently makes available ~20,000 terms for the annotation of biological process, cellular compartment and molecular function. The hierarchical nature of the ontology presents a challenge when trying to determine the significance of a shared subset of GO terms. Various applications are devoted to the comprehensive analysis of the full set of GO terms, but the interpretation of results is often aided by reducing or filtering the set of terms to a more manageable set. In a similar line of reasoning, we made use of the species-specific Yeast GO slim terminology maintained by SGD. GO slim collections are reduced term subsets of the GO ontology (79 terms) that broadly cover the ontology without highly specific terms. We find that this collection is of suitable granularity to provide insight into the shared function of an input set while removing excessively specific, redundant or altogether too rare feature categories. One particularly unique feature is that users can browse the terms in each of the categories and select proteins having that annotation to perform the shared feature analysis. For instance, one could ask the question "what complexes are significantly formed by proteins annotated with 'motor activity' ", and obtain the answer the kinesin and dynein complexes.
Accurate Evaluation of Gene Deletion Experiments
Functional genomics experiments that utilize gene deletion arrays to identify synthetic sensitive or synthetic lethal conditions will report incorrect p-values on shared features. The reason for this is that essential genes (i.e. those genes that exhibit a lethal phenotype upon deletion) will never be probed for sensitivity, and as such will never form part of the input set of proteins. Yeast Features can optionally correct for this by removing all essential genes from the proteome when computing statistical significance (effectively reducing K and N in Equation 1). Application of this technique results in increased statistical significance of features shared by essential genes. Over one quarter of all features (4887) is associated with essential genes. 3153 features are solely shared by essential genes, and are therefore excluded from consideration in the corrected analysis. For the 1734 features shared by both essential and non-essential genes ( 
Rapid Assessment of Function for Chemical Genomics Experiments
Paromomycin is an aminoglycoside that is known to interact with the protein synthesis machinery of the cell to assert its antimicrobial activity [34] . More specifically, this drug binds to the small ribosomal subunit and causes defects in protein synthesis fidelity. To investigate the gene deletions that cause hypersensitivity to this drug we screened the entire yeast non-essential gene deletion array (~ 4000 gene deletion strains) with sub-minimal inhibitory concentration (sub-MIC) of paromomycin and compared their growth phenotype with those grown in the absence of the drug, as described in [35] . Among the deletion strains, we selected the top 5% that showed increased sensitivity to this treatment for further studies. We then analyzed the selected genes for their common features using YF. As expected from the molecular mechanism of the activity of paromomycin, it was observed that of the 45 genes that have been placed by YF into functional complexes, 25 were grouped as being involved in protein synthesis and its machinery. Other complexes that also came up in this study belonged to the processes of transcription (14 genes) nuclear pore structure (2 genes) and mitochondria membrane structure (2 genes). These complexes may represent alternative pathways, which are targeted by paromomycin, and hence may explain the side effects associated with this drug. Altogether these observations confirm the ability of YF to find the common features between proteins, and that the data analyzed by YF can be directly applied to biological investigations.
Investigation of a Functionally Unknown Protein
One benefit of using YF is to gain insight about the proteins that are interesting as a result of the biological experiment, but have no functional characterization. For example, YKL075C is a previously uncharacterized ORF that, when deleted, confers hypersensitivity to paromomycin. Because of the known mechanism by which paromomycin affects the cell, we reasoned that YKL075C might be a novel gene that plays a role in the process of protein synthesis. To examine this possibility we performed ribosome profiling analysis as in [36] . If YKL075C is a protein synthesis related gene then we may expect that, based on its molecular function, the deletion of this gene may alter the distribution of ribosomal subunits within a cell. Interestingly we observed that deletion of YKL075C reduced the level of polysomes, relative to free subunits, by about 15%, suggesting a role for YKL075C in protein synthesis. Further investigations are required to fully characterize the molecular function of YKL075. However, given that approximately 25 -30% of all ORFs in sequenced genomes are of unknown function, this example demonstrates the value of YF in providing insight into the roles of such genes.
Determining Mode of Action of New Antibiotics
Plants are a rich source of medicinal compounds due to a host of secondary metabolites and the activity of these bioactive chemicals can be elucidated using gene array technologies. As an example, Echinacea is one of the top commercial herbal medicines and is employed as a general tonic and in the treatment and prevention of colds and flu. Echinacea extracts were also shown to have antifungal and antiviral activities [37, 38] . However, the mode of action(s) in these medicinal applications of Echinacea is poorly understood. In studying the antifungal activity of Echinacea extracts, we used 16 different treatments based on ethanol extracts of roots, flowers or leaves of Echinacea plants. Similar to the previous experiments, growth of S. cereviseae strains from the entire non-essential gene deletion array were monitored with and without sub-MIC levels of Echinaceae extracts incorporated into the media. A set of 23 mutants was identified that were significantly sensitive to five or more extract treatments and further analyzed using YF. The significant pattern to emerge from the YF analysis was that at least nine of these supersensitive deletion mutants appear to have impaired cell wall functions. Table 2 lists five functions ordered by Pvalue which identify the cell wall-associated processes for each of the nine deletion mutants. For example, the strain deleted for YPR159W (KRE6) is defective in the biosynthesis of the cell wall component β-1,6 glucan and had significantly reduced growth with at least 6 of the 16 Echinacea treatments. Three strains (YDR245W, YMR307W, YLR338W) also exhibit a phenotype that has increased levels of chitin when systematically deleted. This result is not observed using FunSpec. An additional group of four mutants (not listed) with deletions in genes of unknown function may also be involved in cell wall processes since at least two, YPL264C and YPR071W, are similar to integral membrane proteins. Fungi are recognized as a sister group to animals and more distantly related to plants, and the development of compounds that inhibit fungal growth without harm to the plant or animal host is difficult since all three eukaryotic groups have much in common biochemically. One of the defining characteristics of fungi, however, is the structure and makeup of the cell wall, and therefore the development of compounds that target fungal cell walls are attractive since these may offer a high degree of specificity to fungal pathogens. The hypothesis that Echinacea extracts interfere with fungal cell wall function suggested by this YF analysis is therefore of interest and should be further tested. While many tools exist to evaluate the significance of genes sharing Gene Ontology annotation (see [20] for comparison), Yeast Features considers a compact, informative subset of GO along with numerous other data sets that are simply not available with other applications (Figure 3 ). The ease of use of this online tool along with novel browsing, and search space restrictions including a background deletion set makes this tool a natural successor to FunSpec. Since YF is solely focused on yeast, it will continue to incorporate useful annotation for this organism as it becomes available. For instance, the anti-cancer drug Methotrexate was used to identify sensitive genes including one of unknown function which subsequently proposed to be involved in the transport of Methotrexate due to the prediction of a transmembrane segment [10] .
Features
In the future, we aim to increase the diversity of our features along predicted lines of evidence. For each protein, a number of features are listed including, the gene name (if available), the standard name, the SGD identifier, any aliases, the chromosome location and a description. What follows is the set of features, organized by category and indicating the number of other proteins in the input set that also share the feature. Note that the interactions are categorized by their experimental method of determination.
Conclusions
Yeast Features is an easy to use, online tool to identify shared features among a set of yeast genes and assess their statistical significance, with new corrections to accommodate prior knowledge about the experimental system. The methodology identifies known functional attributes of genes using several independent lines of information including molecular function, biological process and cellular compartment from the yeast Gene Ontology slim collection, as well as conserved domains, interactions, complexes, metabolic pathways, phenotypes and publications. We demonstrate the utility of this approach via two functional genomics experiments:
In one experiment, the chemical perturbation led to assignment of functional roles for associated genes, and allowed us to pursue new avenues for research on functionally unknown genes; the second analysis defined the biochemical activity of functionally unknown compounds, including herbal medicines. As Yeast Futures is expanded to accommodate new background knowledge, we expect that it will continue to provide important insight into the biological roles of yeast proteins in functional genomics experiments. 
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